This paper describes a novel system that can demonstrate the potential to track and estimate the torques that affect the human arm of an individual that performs rehabilitation exercises with the use of Kinect v2. The system focuses on eliminating the jerky motions captured by the Kinect with the incorporation of robotic mechanics methodologies that have been applied in the field of robotic mechanical design. In order to achieve this results, the system takes full advantage of the dynamic and kinematic formulas that describe the motion rigid bodies. Lastly, a simulation experiment is depicted to demonstrate the results of the system.
INTRODUCTION
As adaptive rehabilitation and personalized therapy becomes increasingly essential for the reintegration of traumatized individuals to society, the need has arise to create accurate and safe motion analysis systems that doesn't rely on wearable sensors. In this paper we describe a novel system that can be used by physicians and therapists to monitor the physical state of the upper limbs of a patient who performs exercises. To be more elaborative, with the data collected from the Kinect, the system provides a precise estimation of the motion parameters (position, velocity and acceleration) and torques that affect the shoulder and elbow of the patient. The system emphasizes the use of the Microsoft Kinect v2 as opposed to other systems that require Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. a plethora of different sensors such as embedded accelerometers, EMGs or even wearable exoskeleton arms [9] [14] and mechanical manipulators [8] .
The following sections of the paper are dedicated in the thorough analysis and representation of the proposed system. In section 2, we address the influences of related work and we address some limitations in relevant studies. Furthermore, we discuss how our system incorporates a variety of key methodologies that originate from the field of robotics mechanics and kinematics in particular. To continue, in section 3 we provide the background theory, such as the functionality of the forward and inverse kinematics and the utilization of the Recursive Newton Euler (RNE) algorithm. Moreover, in section 4 we provide an overview of the system by analyzing its core process and mentioning certain assumptions that lead to it's implementation. In section 5 we showcase an experiment and we provide the equivalent experimental results that depict the strengths of our method. Lastly, in section 6 we provide a summary of the study and me mention the future work.
RELATED WORK
A considerable amount of research has been conducted in the fields of computer vision, human-computer and humanrobot interaction to track the human body. Whereas for entertainment or rehabilitation applications [1] [6] [7] , each of the above fields utilizes different technologies and diverse methodologies to track the state of human body [16] . In our work, we combined a variety of these techniques to track and calculate the motion parameters and torques that affect the shoulder and elbow of an individual who performs rehabilitation exercises. Specifically, research in the area of human exoskeletons shows that the human arm can be mathematically represented as a kinematic chain [10] [11] of seven degrees of freedom (DOF), much like a mechanical manipulator. By making this assumption, we can express the relationship of the human joint's rotation and translation in relevance to a world frame by using the Denavit-Hartenberg (DH) parameters [2] . Moreover, we can derive the forward and inverse kinematic equations of the human arm to obtain a relationship between the position and orientation of the end effector (wrist) with the rotation of the joints. These set of equations are extremely useful, because we can calculate the rotational position, velocity and acceleration of the joints over a specific trajectory. This makes the estimation of the torques that affect the human arm feasible with the use of the (RNE) method, which is a method com- [13] . We will elaborate more on these methods in the next section of this paper.
In comparison to other studies, to obtain the necessary positions for our calculations we have considered an alternative marker-less and low cost solution [12] . Our system takes advantage of the Kinect v2 skeleton tracking algorithm to track the position of the wrist. Unfortunately, due to the probabilistic nature of the Kinect skeleton tracker, the positions are collected with certain inaccuracies under specific circumstances [15] . For this reason, the system eliminates jerky data obtained from the Kinect, though a polynomial fitting process in the joint space that is derived from the inverse kinematic equations of our human kinematic model. Thus, the proposed system utilizes techniques in computer vision and robotic mechanics to solve the human arm tracking problem.
HUMAN ARM KINEMATIC MODEL
In this section, we provide a thorough analysis of the biomechanical model that the proposed system utilizes to track the human arm. As mentioned above, the human arm can be represented as a kinematic chain, much like a robotic arm. Since the system focuses in the behavior of the shoulder and elbow, we designed a 4 DOF kinematic chain to express the shoulder glenohumeral rotation and the elbow flexion. Figure 1 above, provides a graphical illustration of the developed human arm model. A summary of the frames description can be seen in Table  1 . The kinematic chain begins from frame {K}, which acts as the world frame of the model. Notice that frame {K} denotes where the Kinect is stationed, meaning that when we derive the forward and inverse kinematic equations of the model, all the frame positions are related to the Kinect directly. Next, frame {C} represents the chest of the hu- 
man who is positioned l0 meters along the z k axis of the Kinect. As expected, frames {S1},{S2} and {S3} describe the glenohumeral rotation of the shoulder. Frame {S1} and {S2} rotate around the axis z1 and z2 as shown in Figure  1 . Note, that to avoid the formation of an Euler gimlock in the shoulder, which would make the solution of the inverse kinematics extremely complicated, frame S3 rotates around the axis x3 [2] . Frame {E} follows by representing the flexion of the elbow around z4 axis. Finally, the position of the end effector or wrist {W} is located along the axis x4 of the elbow frame.
DH table
Before we formulate the forward and inverse kinematic equations of the human arm kinematic chain, we have to derive the DH parameters, which provide a relation between the frames of the model. Table 2 depicts the modified DH parameters as described in the previous section and in Figure1 
Forward Kinematics
Based on the modified DH table (Table 2) we can deter- 
mine the rotation and translation of frame i−1 to i according to the following matrix :
In the above equations, cθ stands for the cosine of θ and sθ stands for the sine of θ. Based on the multiplication that are shown above the general transformation from the Kinect frame to the human's wrist is:
Inverse Kinematics
For the derivation of the inverse kinematic equations we consider the positions of the wrist and elbow as the known variables and the joint angles as unknown variables. Traditionally, in robotics the orientation and position of the end effector is the only known. However, in this particular case, instead of using the wrist's orientation, we also use the position of the elbow to find the joint angles, because we can directly obtain it from the Kinect.
Position of Elbow:
Position of Wrist (End Effector):
Angles Derivation (θ1, θ2, θ3, θ4):
Recursive Newton Euler (RNE)
In robotics dynamics,the Recursive Newton Euler method is often used to solve the inverse dynamics problem. Specifically, it is used to provide an estimation of the torques that affect the robot's joints given the angles, velocities and accelerations of the joints [2] [4] . However, the RNE method can be applied to every kinematic chain, as long as the motion parameters and the mass of the links are known. In our case, since we are measuring the torques that affect the human arm, we estimated the mass of the human upper limbs by taking into consideration the relative relation between the human weight and the weight of the human arm. [3] Figure 2 in the next page depicts the analogies of anthropomorphic data that were taken into consideration in the scope of this study.
The RNE method is divided into two steps as seen below. In the first step (Outward iteration), the method calculates the relative angular and linear motion parameters from the starting joint to the end effector. The second step (Inwards iteration) iterates backwards and provides an estimation of the moments and torques that affect the joints.
Outward iteration
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Inward iteration
f : Force Propagation τ : Torque applied to the joints n : Accumulative torque applied to the joints 4 → 1
Figure 2: Anthropomorphic data for the human body segments captured by [3] .
SYSTEM OVERVIEW
A block diagram of the proposed system can be seen in Figure 3 . The diagram summarizes the majority of the processes that compose the overall system. As an input to the system, the user must capture the person who is performing the exercise with the Kinect, according to the configuration that Figure 1 suggests. Once the trajectory of the subject's arm has been captured, the Kinect passes the cartesian positions of the chest, shoulder, elbow and wrist frames to the first unit of the system that reconstruct raw model. The raw model provides an abstract illustration of the physical configuration that was captured by the Kinect.
The system then applies a median filter to the raw data to eliminate any abnormal behavior from the skeleton tracking algorithm of the Kinect. This result of this module produces a smooth trajectory that is used by the system's Inverse Kinematics Solver (IK Solver) to provide an estimation of the angles of the human arm joints. Note that this unit utilized the inverse kinematics equations that where described in the previous section. At this point the system has produced the first estimation in joint space. In the next iteration, the system must make sure that all data in joint space are characterized by a polynomial profile. This happens because the motion of all rigid bodies, such as our model, must be expressed with a polynomial function that can produce a second, third or even forth derivative (jerk) [2] .
Once the polynomial fitting process is completed, the system recreates the kinematic model according to the forward kinematic equations and calculates the velocities and accelerations of the human arm joints. Lastly, the system provides an estimation of the torques that affect the subject's arm with the RNE method and presents all of the results in the graphical user interface as denoted in Figure 3 
Assumptions
Before we continue to the experimental results section, we must mention certain assumptions that led to the system's development. The following hypothesis are centered around the idea that we try to estimate the kinematic and dynamic properties of the human arm with techniques that have been applied to mechanical manipulators. Our assumptions can be summarized as follows:
• First of all, since our study focuses on tracking the human shoulder and elbow, we disregarded the degrees of freedom that the human wrist provides. Traditionally, the human arm is represented with 7 DOFs (3 at the wrist, 1 at the elbow and 3 at the shoulder). However our kinematic model is limited to only 4 DOFs. The inclusion of a 7 DOF model in our system would be extremely challenging, due to the Kinect's inability to provide an accurate estimation of the wrist's rotation.
• Second, we did not include in our calculations any external forces that are extruded to the human arm. The reason behind this decision is the absent of a wrist frame, which would suggest the incorrect propagation of the external force in the kinematic chain by the RNE unit of the system. Additionally, our model doesn't consider any relevant friction between the joint links as it is difficult to simulate the effects of muscle fatigue.
• Last but not least, the assumption that the human arm can be abstracted as a rigid body kinematic chain is incorrect, because on of the key principles of rigid body dynamics is that the modeled body does not succumb to deformation. This is clearly an incorrect statement in our case. Despite this fact, this assumption is widely used in the related work which was mentioned in section 2. 
EXPERIMENTAL RESULTS
The team conducted various exercises using the Barret WAM arm robotic manipulator in order to extensively validate the behavior of the system. The robotic arm was used in the experiment as an ad hoc simulator of various rehabilitation exercises. Figure 4 in the previous page shows the physical configuration of the experiment and the captured Kinect skeleton tracker, while the results of the experiment are presented in Figure 4 (b) . The results indicate that the system greatly improved the initial estimation of the Kinect. Specifically, in Figure 4 (b) the upper four sub figures show the gradual evolution of the captured Kinect trajectories of the human wrist and elbow in blue and red colors. It can be clearly seen from the rapid fluctuations of the trajectories that the Kinect does not regard the physical properties of the human arm as these trajectories doesn't correlate with the motion of the real human arm. However, the four bottom sub pictures of Figure 4 (b) , that demonstrate the final estimation of the system in equivalent time frames provide a more accurate description of the actual physical trajectory that the human arm followed in the exercise.
It is our omission not to refer to the predominant reason that causes these inaccurate readings of the Kinect v2. Traditionally, if in this particular instance the human arm was performing a free motion without any wearable attachment to the wrist, the Kinect should be more accurate and without fluctuations. But in this setup, since the participant is grabbing the end-effector of the robotic arm, the Kinect's depth sensor regards the robotic arm as a natural extension of the human's arm and thus provides false readings in certain frames.
Up to this point, the user of the system can perceive how the system obtained the raw data from the Kinect and produced an accurate estimation of the real motion. We will further enrich the experimental results section, by providing additional details for the intermediate steps of the system, which are detrimental for the final derivation of the torque calculations. Starting from the manipulation of the raw Kinect data, the system applies a median filter to eliminate any irregular variation in collected data. Figure 5 describe how the median filter is applied in the current experimental set up. Obviously, the median filter removed certain values in the captured elbow and wrist trajectory that would otherwise make the derivation of the inverse kinematics solution unsolvable. After the trajectory filtering is done, the system performs the polynomial fitting process in the joint space obtained from the solution of the inverse kinematic equations and the filtered trajectories To conclude with the experimentation results section, we have to present the torque estimations of the system in this particular experiment. Figure 8 provides an illustration of the torque history that was estimated from the RNE module, according to the motion parameters and has already been presented. Note that as we mentioned in section 3, the RNE method also requires the mass of the upper and lower section of the human arm. According to Figure 2 we derived the equivalent link's masses (m) of the participant. At this point, the user of the system should get an intuitive understanding of the gravitational forces that the arm succumbs to as it performs the trajectory of the exercise. To be more specific, it is clear from the torque history that the torque values in the shoulder are higher than the torque values in the elbow, because the shoulder supports all the weight of the arm. Also, it is clear that when the arm moves from an initial semi flexion position to a full upwards flexion position and the back to original state, a proportion of the gravita- tional force that is extruded upon the arm shift from joint 1 to joint 2 and then back at joint 1. Lastly, it can be seen than since the arm performs small pronation movements, there is little to no torque applied to arm's third joint.
CONCLUSION AND FUTURE WORK
In this work, we have presented an innovative physical therapy system, with the use of a robotic arm and a depth camera, in order to estimate the human's arm torques and range of motion. The system is able to eliminate the jerky and shaking motions captured by the Kinect through encapsulating methods from robotic mechanics. Even though our current work lacks quantitative evaluation, due to the aforementioned assumptions and non existence of ground truth data, the proposed system have shown reasonable results. The system will be evaluated extensively in the near future with concrete metric data obtained from the VICON system, which we will use as ground truth for the motion analysis part. However, the torque evaluation of the system is a more challenging problem because it requires either the use of an exoskeleton robotic system or the incorporation of bio-engineering methodologies and knowledge in conjunction with wearable EEG sensors.
The system so far relies heavily on the fact that a certain number of data must be gathered from the Kinect as it is monitoring a full trajectory of the exercise motion. This prevents our system to run in real-time as it should first gather a history of the arm's position. In our future work we plan to tackle this problem with the use of a trajectory estimation algorithm. A possible solution of this problem could be obtained through the use of a Machine Learning algorithm, such as a Neural Network, but it could also be addressed as a control problem. One negative aspect of the machine learning approach is that the estimation algorithm might require a large number of training data.
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